Abstract. Shear failure of slender beams made of High Strength Concrete (HSC) is one of the most crucial failures in designing reinforced concrete members. The accuracy of the existing design codes for HSC, unlike the Normal Strength Concrete (NSC) beams, seems to be limited in predicting shear capacity. This paper proposes a new set of shear strength models for HSC slender beams without web reinforcement using conventional multiple linear regression, advanced machine learning methods of Multivariate Adaptive Regression Splines (MARS), and Group Method of Data Handling (GMDH) network. In order to achieve high-delity and robust regression models, this study employs a comprehensive database including 250 experimental tests. Various in uencing parameters, including the longitudinal steel ratio, shear span-to-depth ratio, compressive strength of concrete, size of the beam specimens, and size of coarse aggregate, are considered. The results indicate that the MARS approach has the best estimation in terms of both accuracy and safety aspects in comparison with regression methods and GMDH approach. Moreover, the accuracy and safety of predictions of MARS model is also remarkably more than the most common design equations. Furthermore, the robustness of the proposed models is con rmed through sensitivity and parametric analyses.
Introduction
In the last 30 years, the application of High Strength Concrete (HSC) has remarkably increased due to signi cant development in building and materials technology. Several advantages, including better mechanical properties, structural e ciency, and economic bene ts, in terms of both structural and aesthetic aspects have made the HSC a widely used material in the construction of high-rise buildings and long-span bridges in all over the world. The de nition of HSC has changed parallel to the development of its properties in recent years. HSC can be de ned as a concrete with compressive strength which is signi cantly beyond and more than double from what is used in normal practice (normal strength concrete, NSC). Di erent design codes and researchers proposed di erent limits for compressive strength of concrete to set a demarcation line between NSC and HSC materials. The present study follows the de nition of HSC by ACI 363R-10 [1] , which is de ned as a concrete with compressive strength more than 40 MPa.
One of the most crucial failures in reinforced structures made of HSC or NSC materials is the shear failure. Failure due to the shear in beams with HSC is brittle and occurs suddenly without warning. Several researchers have investigated experimentally and analytically to evaluate shear carrying capacity of reinforced concrete members. It has been found that several mechanisms, including the shear transfer in the compression zone, aggregate interlock across crack face, stirrups crossing the shear crack, and dowel action of longitudinal reinforcing bars crossing the crack, can be involved in providing shear resistance of Reinforced Concrete (RC) beams [2] . In beams without web reinforcing stirrups, crossing the shear crack mechanism cannot be considered as an internal force that contributes to shear resistance. It is understood that the shear failure mechanism in concrete members reinforced longitudinally, yet without transverse reinforcement under bending, varies signi cantly, and the size of member and shear span-to-depth ratio are the two main parameters that in uence the shear failure mechanism. In fact, the shear span-to-depth ratio (a=d) determines the failure modes of RC beams and divides them into deep beams (< 2:5) and slender beams (> 2:5). For deep beams with a=d approximately less than 2.5, arch action occurs [3] . For slender beams with a=d greater than 2.5, the shear strength of reinforced member with longitudinal steel bars is a function of a=d, too. For these members, a=d represents the interacting e ect of the moment and shear at a section on the shear strength. Accurate prediction of the shear behavior of the RC beams, unlike exural behavior that can generally be predicted well, is a challenging work due to the complexity of the shear transfer mechanism.
Furthermore, there are remarkable di erences between NSC and HSC beams without web reinforcement [4] [5] [6] [7] [8] [9] [10] . According to reports, the fracture surface in HSC beams is smooth and develops along the transition zone between the matrix and aggregates, whereas it is rough in NSC beams. In addition, internal shear transferring mechanisms contribute di erently to di erent concrete strengths. At higher concrete strength, the aggregate interlocking does not contribute greatly because of the smooth fracture planes and the straight cracks, which do not go around the aggregate particles [11, 12] .
Shear strength prediction of HSC slender beams without web reinforcement is still contentious. There is no uni ed rational theory explaining the interaction of the three internal forces contributing to shear resistance, especially for HSC. Various design equations are available to estimate shear strength of reinforced concrete beams without stirrups. Their accuracy, however, seems limited for slender reinforced HSC beams, as these equations are empirically developed using prede ned forms with experimental data, generated mainly for a limited number of in uencing parameters.
Recently, machine-learning approaches have been successfully employed to overcome these limitations in many di erent problems of civil engineering (e.g., [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] ). In this regard, particularly, Elsanadedy et al. [12] very recently applied regression models and Arti cial Neural Networks (ANN) to predict the shear strength of HSC slender RC beams without stirrups. Their results showed that ANN approach generally provided better predictions than regression approach did, in terms of accuracy. However, ANN implementation su ers from several drawbacks. The major disadvantage of this approach is that the ANN training process is achieved through a gradient descent algorithm on the error space, which can be very complex and may contain many local minima. Furthermore, trial-anderror processes are required to determine the network structure. In addition, ANN method does not give enough insight into the generated models and is not as easy to be used as the empirical formulas.
Considering these drawbacks and the existing unsatisfactory equations, Kaveh et al. [26] very recently successfully used M5 0 algorithm as one of the modeltree based algorithms used in developing predictive and simple formulas to estimate the shear strength of HSC slender beams without stirrups. This paper illustrates the potential of two more e cient alternative machinelearning-based approaches to this problem. Among soft computing approaches, the Group Method of Data Handling (GMDH) network and (multivariate adaptive regression splines) MARS algorithms are known as self-organized and non-parametric methods to model and discover the behaviors of unknown or complicated systems based on given input-output data points [27] [28] [29] . The main advantage of GMDH and MARS methods in comparison with ANN method is that the dependencies between input parameters and output parameter are represented in parametric form as an equation, while these dependencies are hidden within neural network structures in ANN method.
To develop new predictive models based on GMDH and MARS, a comprehensive existing database was employed very recently, used by Elsanadedy et al. [12] , that contained 250 experimental tests. The developed GMDH model related shear capacity to the longitudinal steel ratio, the shear span-to-depth ratio, compressive strength of concrete, the size of the beam specimens, and the size of coarse aggregate. The results of the developed GMDH and MARS were compared to the most common existing equations and to multiple nonlinear regression (MNLR) approach developed in this study through statistical error indicators. Results con rmed that the developed GMDH and MARS models outperformed the existing equations and the developed regression-based equations in terms of both accuracy and safety aspects. The relative importance of signi cant parameters dealing with shear strength was also investigated through sensitivity analysis. The robustness of the proposed models was also veri ed through a parametric analysis. This paper is outlined as follows: The existing design equations and their limitations are given in the following section. The GMDH and MARS algorithms are described next in Section 3. The applied dataset and modeling process are presented in Section 4 followed by the results and discussion section. Finally, the summary and conclusion are presented in Section 6.
2. Design equations for shear strength 2.1. Design equations
The existing equations for estimating shear capacity of RC beams (V ) are presented in Eqs. (1) to (8) . A signi cant gap exists in the process of selecting the main parameters and their e ects on V , because these equations have been empirically derived. In the following equations b is beam width; d is the e ective depth of beam; h beam depth; d v e ective shear depth; f 0 c speci ed compressive strength of concrete; f ck characteristic compressive cylinder strength of concrete; a shear span; a g speci ed nominal maximum size of coarse aggregate; E s modulus of elasticity of steel; A s area of tension steel; longitudinal steel ratio; M u and V u factored moment and shear force, respectively; M f and V f factored moment and shear force, respectively; M Ed and V Ed design moment and shear force; factor accounting for concrete density (units are N and mm). [36] , whereas its contributions to study of Cladera and Mari [37] and ACI 318-11 [30] are proportional to 1=2 and , respectively. Furthermore, some codes (Eurocode-2 [33] , CEB-FIP [34] model, AS 3600 [35] , and JSCE [36] ) consider the shear strength of HSC beams proportional to f 0 1=3 c , while other codes (ACI 318-11 [30] , CSA A23.3-04 [31] , and b model [32] ) consider it to be proportional to f 0 1=2 c . This proportion was also reported as f 0 kkk 0:2 c by Cladera and Mari [37] .
Furthermore, according to Table 1 , some important parameters were not incorporated in most of these design codes. For example, the in uence of the nominal maximum size of coarse aggregate only was considered in CSA A23.3-04 [31] and level II approximation of the b model [32] code, whereas dependency of HSC shear strength on this parameter was reported by Muttoni [38] . Only CEB-FIP [34] model and AS 3600 [35] consider the e ect of shear span-to-depth ratio on shear strength of slender HSC beams. In addition, ACI 318-11 [30] does not consider the e ect of depth, d, whereas other design equations show notable sensitivity to the change of parameter d.
To take full advantage of the HSC RC beam, generating new models to predict the shear capacity to obtain both reliability and accuracy is indispensable. Recently, machine-learning approaches have been widely applied to engineering problems. The main advantage of these approaches can be mentioned as they considered all possible relations between input and output parameters and checked di erent combinations of input parameters for estimating output parameter, unlike the regression approaches. In the following section, Multivariate Adaptive Regression Splines (MARS), Group Method of Data Handling (GMDH) network, and Multiple Nonlinear Regression methods (MNLR) are introduced in this study to predict the shear strength of HSC slender beams without web reinforcement.
Soft computing approaches
Recently, the soft computing approaches, such as Arti cial Neural Networks (ANN) and Adaptive NeuroFuzzy Inference System (ANFIS), have been employed as useful tools for modeling and forecasting complex structural engineering problems. Among these methods, the Group Method of Data Handling (GMDH) network and Multivariate Adaptive Regression Splines (MARS) have not yet been applied widely in structural engineering. The main advantage of GMDH and MARS methods in comparison with ANN method is that the dependency between input parameters and responses is represented in parametric form as an equation, while these dependencies are hidden within neural network structures in ANN method. Besides, ANN methods need an essential time for learning; therefore, it is di cult to apply it for modeling and forecasting under real-time systems. The descriptions of the GMDH network, the MARS, and Multiple Nonlinear Regression methods (MNLR) are discussed as follows.
Multivariate adaptive regression splines
Multivariate Adaptive Regression Splines (MARS) is a nonlinear and nonparametric intelligent computing regression algorithm that models the nonlinear responses between the inputs and outputs of a system using a series of piecewise linear or cubic segments (splines). The resulting piecewise equation is known as Basis Functions (BFs). The slope of regression function is allowed to change from one segment to the next. The end points of each segment are called knots. A knot marks the end of one region of data and the beginning of another. Unlike the well-known parametric linear regression analysis, MARS provides greater exibility to explore nonlinear relation between a response variable and predictor variables. In addition, MARS also searches for possible interactions between variables by checking all degrees of interactions. Because it allows for all functional forms and interactions, MARS is able to track the complex data structures from highdimensional datasets. The general MARS function can be expressed using the following equation:
wheref(x) is the predicted response, 0 and m are constants, which are estimated to yield the best data t, and M is the number of basis functions included into the model. The basis function in MARS model can be either one single spline function, or a product of two or more spline functions for di erent predictor variables. The spline basis function, m (x), can be speci ed as follows:
where k m is the number of knots, s km takes either 1 or -1 and indicates the right/left regions of the associated step function, v(k; m) is the label of the predictor variable, and t k;m is the knot location. MARS generates basis functions by searching in a stepwise way. An adaptive regression algorithm is used to select the knot locations. An optimal MARS is developed through a two-stage forward and backward procedure. In the forward stage, MARS over ts data by considering a great number of basis functions. In the backward stage, to avoid over tting, redundant basis functions are deleted from Eq. (9) . MARS adopts Generalized Cross-Validation (GCV) to delete the redundant basis functions. The expression of GCV is given as follows:
in which N is the number of data, and C(B) is a complexity penalty that increases with the number of Basis Function (BF) in the model. It is de ned as follows:
where d is a penalty for each BF included into the model, and B is the number of basis functions [24] .
Group method of data handling
Group Method of Data Handling (GMDH) is a learning machine based on the polynomial theory of complex systems [22] . From this network, the most signi cant input parameters, the number of layers, the number of neurons in middle layers, and optimal topology design of the network are de ned automatically. The structure of the GMDH network is con gured through the training stage with polynomial model, which produces the minimum error between the predicted value and observed output. The formal de nition of the system identi cation problem is to nd an approximate function,f, that can be used to predict actual output, y, or a given input vector, X = (x 1 ; x 2 ; ; x n ), as close as possible to actual output, y. Therefore, n observations of multi-input-single-output data pairs are considered as follows: y i =f (x i1 ; x i2 ; x i3 ; x in ) ; i=1; 2; ; M: (13) The general relationship between input and output variables can be expressed by a complicated discrete form of the Volterra function as a series in the form of:
w ijk x i x j x k + ; (14) which is known as the Kolmogorov-Gabor polynomial [39] . In the present study, a quadratic polynomial of the GMDH network is used that is written as:
Quadratic:ŷ = w 0 + w 1 x i + w 2 x j + w 3 x i x j + w 4 x 2 i + w 5 x 2 j :
The weighting coe cients of Eq. (14) are calculated using regression techniques such that the di erence between actual output, y, and the calculated value, y, for each pair of x i and x j as input variables is minimized. In this way, the weighting coe cients of quadratic function G i are obtained to optimally t the output to the whole set of input-output data pairs, de ned as follows:
In this study, the GMDH network is improved using a back propagation algorithm. This method includes two main steps:
1. Weighting coe cients of the quadratic polynomial are determined using the least squares method from the input layer to output layer in the form of a forward path; 2. Weighting coe cients are updated using a backpropagation algorithm in a backward path. This procedure may continue until the error of the training network (E) is minimized.
Multiple nonlinear regression method
Let y be a dependent variable and have a nonlinear relation with n independent variables as x 1 ; x 2 ; ; x n . The nonlinear relation between them can be expressed as:
x a n n :
By applying logarithmic transformation, the following equation can be obtained as follows:
log y = log a 0 + a 1 log x 1 + a 2 log x 2 + + a n log x n ;
where coe cients a 0 ; a 1 ; , a n can be determined by applying the least squares method, similar to MultiLinear Regression (MLR) method.
Model development 4.1. Model inputs and outputs
Five variables were presented to the MARS, GMDH, and MNLR as model inputs including the e ective depth (d), the shear span-to-depth ratio (a=d), the compressive strength of concrete (f 0 c ), the aggregate size-to-depth ratio (a g =d), and the longitudinal steel ratio (). The single model output is concrete shear capacity, v u .
Data division and pre-processing
The data used to calibrate and validate MARS, GMDH, and MNLR models obtained from the literature include a series of 250 concrete shear capacity tests, compiled by Elsanadedy et al. [12] from 33 experimental studies performed between 1957 and 2013. All selected beams are without stirrups, and they were longitudinally reinforced with non-prestressed steel rebars.
Only slender beams with a=d 2:5, whose failures primarily occur due to shear, were considered. The specimens were monotonically loaded using either one or two concentrated loads until failure. Details of the data used can be found in [12] .
The available data were randomly divided into two sets: a training set for model calibration and an independent validation set for model veri cation. The validation dataset was used to specify the generalization capability of the models to new data with which they had not been trained. In other words, the testing data were applied to measure the performance of the models obtained by the proposed algorithms when applied to dataset, which played no role in building the models. The statistics of the data used in the training and validation sets are given in Table 2 , which include the mean, standard deviation (STD), minimum, and maximum. For more visualization, a matrix-plot of input and output parameters is represented in Figure 1 . This plot presents all possible scatter plots of input and output parameters one by one. The plots in the diagonal of this matrix are the histograms of input and output parameters for the whole data points. As shown, most of data points are concentrated in the ranges of d 400 mm, f 0 c 100 MPa, and 4 (%). It should be noted that the derived model could be more reliable in these ranges. Out of the 250 tests, 200 data vectors (80%) were taken for the training process. The remaining 50 data vectors (20%) were used to test the models. It should be noted that, like other empirical models, the proposed models are only valid for the ranges in which they are trained and show better performance in those ranges in which data are denser. 19) ) is achieved via GCV obtained from forward selection and backward deletion process. As observed, one of the advantages of MARS algorithm is that it not only captures complex relationships between independent and dependent variables, but also does not require additional e ort to verify a priori assumption about the relationship between the set of independent variables and dependent response variable. The latter feature becomes more important as the dimension of the problem increases. 
Derived models
To analytically evaluate the performances of the developed models, the following statistical error parameters were applied: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), correlation coe cient (R), and coe cient of determination (R 2 ).
where O i is the measured value, P i stands for the prediction values, N is the number of data points, O m is the mean value for observation, and P m is the mean value of prediction. The correlation coe cient (R) is a measure of the relative correlation between the predicted and measured values. R values ranged between 1 and 1. If R value is close to 1, it indicates that there is a direct linear relationship between measured and predicted values. However, R does not necessarily indicate the goodness of the model's performance, particularly when the range of data is very wide and the data points are distributed around their mean. Therefore, the coe cient of determination, R 2 , can be used as an unbiased estimate and, also, a better measure for evaluating the model's performance. The MAE and RMSE measure the di erence between predicted and measured values, and values near to zero indicate a close match.
Results and discussion
The results of developed models and the most common design equations to predict shear strength of HSC slender beams without web reinforcement were compared in this section. Moreover, the in uence of important parameters on shear strength was investigated through parametric and sensitivity analyses. The most important predictive parameters were determined through sensitivity analysis in predicting shear strength. Finally, safety analysis was done by using demerit point's classi cations of Collins.
Performance analysis
The number of data used to develop a new predictor model based on machine-learning approaches plays a crucial role in modeling process. For developing a reliable model based on data mining approaches, Frank and Todeschini [40] suggested that the minimum ratio between the number of data used and the number of involved variables should be 3. A safer value of 5 can be more conservative. In the present study, this ratio is remarkably higher and is equal to 250=6 = 41:66. The performances of the developed MARS and GMDH models shown in Figure 2 (a) and (b) demonstrate that there are little scatter around optimal line between measured and predicted shear strengths for both training and testing datasets. For further veri cation of the developed models, analytical analysis of statistical error parameters for training and testing datasets is presented in Table 4 . In addition, the results of the developed MNLR method in this study were compared with those of the other proposed ones.
Smith [41] suggested that if jRj > 0:8, it can be expected that there is a strong correlation between observed and predicted values. It should be recognized that even if R is close to 1, the predicted and observed values may not match each other; they only tend to vary similarly. To compensate for this limitation, coe cient of determination R 2 can be used. To achieve precise results, R 2 values should be close to 1. In Table 4 . Performance of GMDH and regression models in predicting bond strength for training and testing datasets. all cases, RMSE and MAE should be close to zero. As shown in [36] guidelines, and Cladera and Mari [37] ) or on the percentage of tension steel (Eurocode-2 [33] and Cladera and Mari [37] ). Therefore, most of these equations cannot correctly be employed to predict the shear strength of HSC slender beams. Although AS 3600-2009 [35] model had the best performance amongst the other design codes, which had R 2 of 0.50 (highest) and RMSE of 0.54 MPa (lowest), this model performed signi cantly lower than the three developed models of GMDH, MARS, and MNLR did. For example, MARS model improved RMSE and R 2 by 65.5% and 88%, respectively, in comparison with the best design code. Thus, the developed models can predict the target values of the shear strength of HSC slender beams without web reinforcement with acceptable accuracy and less error than the available design codes over a wide range of input variables.
To have a deeper understanding of the errors in design codes, the Discrepancy Ratio (DR) between measured and predicted shear strengths as an error indicator was plotted against the most e ective parameters, including longitudinal steel ratio (), f 0 c , d, and a=d, for testing the dataset in Figure 3 . The results of Eurocode-2 [33] , CEP-FIP [34] , and AS 3600-2009 [35], which had higher acceptable accuracy, were compared with those of GMDH and MARS models in this aspect. The best linear regression also ts prediction values of the mentioned models. Errors of an appropriate model should be independent of, or less sensitive to, the variation of the input parameters involved in that phenomenon. Otherwise, it can be interpreted that those input parameters are neither correctly incorporated or included in that model [42] . As shown in Figure 3 , the errors of three design codes are sensitive to changes of as if their prediction varies from overestimation status to underestimation status as increases. It can be interpreted that this parameter is not correctly involved in their equations. On the other hand, the errors of GMDH and MARS models are completely independent of this parameter. According to this gure, the errors of all models are almost independent of parameters f 0 c and d. Thus, it can be expected that these parameters be probably well de ned in the mentioned models. It should be noted that the errors of Eurocode-2 [33] in variation of parameter d are more than those of other models. In addition, sensitivity of the errors of GMDH and MARS models to variations of d and f 0 c is less than that of the three design codes. Figure 3 demonstrates the errors of the mentioned models as a function of parameter a=d. Of note, the predictions of design codes vary from underestimation status to overestimation status as a=d increases, and this inclination in CEB-FIP [34] model is less than the other two equations. As a result, these gures show that all input parameters are successfully included into the newly proposed models, and their errors are completely independent of these parameters.
Parametric and sensitivity analyses
To further examine the robustness of the developed GMDH and MARS models, a parametric analysis can be carried out. Parametric analysis investigates how closely the model's predictions agree with available structural knowledge and experimental data and with one's expectation. Therefore, parametric analysis was carried out with the aim of gaining a deeper understanding of concrete shear strength of HSC slender beams without web reinforcement. The parametric analysis investigates the response of the predicted shear strength from the proposed models to a set of hypothetical input data generated over the ranges of the minimum and maximum data used for the model training. The methodology was presented based on the change of only one input variable varied at a time, while the other variables were kept constant on their average in the applied datasets. A set of synthetic data for the single parameter was generated by increasing it incrementally. These inputs were presented for the prediction equation, and the shear strength was calculated. This procedure was repeated using another variable until the model's response was tested for all input variables.
The results of the parametric analysis and, also, the used experimental data are shown in Figure 4 . It can be seen that the prediction behavior of concrete shear strength from GMDH and MARS models agrees well with the experimental results. Figure 4 (a) presents the variations of concrete shear strength as a function of e ective depth (d). As shown, the failure shear stress decreases with the increase of e ective depth. This behavior is well documented in the literature for RC slender beams without web reinforcement. There are two common approaches and hypotheses to explain this behavior: one of these approaches highlights the role of aggregate interlock, which is reduced in larger members due to the development of wider cracks. The other common approach is based on fracture mechanic concepts, indicating that larger members release more energy, resulting in wider cracks. The variations of predicted shear strength by GMDH and MARS models with a=d ratio are shown in Figure 4 (b). As expected, the shear strength of RC beams decreases as a=d ratio increases. Furthermore, the prediction of shear strength almost coincides with the experimental test results obtained from literature, according to this gure. The ratio of a=d determines the behavior of deep and slender beams and also their failure modes. In deep beams, it can be expected that marginal enhancement of resistance occurs by the beam beyond the rst diagonal crack due to arch action with redistribution of stresses. On the other hand, failure occurs after the rst diagonal crack in slender beams. It is indicated that there is possible meager reserve strength beyond diagonal cracking. The similar e ect of a=d ratio on shear strength of RC beams is also reported in the literature.
The e ect of longitudinal steel ratio () on shear strength is presented in Figure 4 (c). It can be seen that shear strength increases as the percentage of longitudinal reinforcement increases. This contribution of longitudinal reinforcement in increasing shear resistance can be attributed to dowel action and can be about 30% in slender member, such as slabs. It should be noted that, in HSC beams, it demands higher percentage of longitudinal reinforcement to enhance the dowel force than beams made of Normal Strength Concrete (NSC).
Based on Figure 4 (d), it can be seen that the compressive strength of concrete increases the shear strength when all other parameters are constant. The shear strength in RC slender beams signi cantly depends on the diagonal cracking strength. The diagonal cracking strength of a NSC beam without web reinforcement is often expressed as a function of square root of compressive strength of concrete [30] . However, the shear strength of RC beams made of HSC tends to vary di erently from the square root of compressive strength of concrete. From these observations, it can be concluded that the developed GMDH and MARS models are in good agreement with the physical characteristics of shear strength phenomenon and previous ndings. The data used in parametric analysis were also employed to explore and quantify the relative importance of model inputs to its output by measuring the e ects on the output when the inputs vary between their minimum and maximum in the dataset used. The quanti cation of this process was determined using the data obtained from holding all input variables at their average values except one output that varied between its ranges (x i 2 fx 1 ; x 2 ; ; x n g). The output y i for n levels of particular input, x i , was used to identify which variables have more in uence using the sensitivity measure, S g , of the average gradient over all intervals as follows [43] :
jy i y i+1 j = (n 1) : (26) In fact, this approach investigates how output may change if the variables in the trained MARS and GMDH models are perturbed in their ranges. Figure 5 presents the calculated S g values of GMDH and MARS models for the e ective depth, d, shear spanto-depth ratio, a=d, the aggregate size-to-depth ratio, a g =d, the compressive strength of concrete, f 0 c , and the longitudinal steel ratio, . According to this gure, the e ective depth provides greater importance and is considered the most signi cant factor a ecting the shear strength of HSC slender beams. On the other hand, the results demonstrate that the aggregate sizeto-depth ratio holds the least importance. It can be also observed from this gure that the longitudinal steel ratio is the second important parameter and is followed by the compressive strength of concrete and the shear span-to-depth ratio.
Safety analysis
A reliable prediction of concrete shear capacity is vital for engineers to have a safe, technically correct and cost-e ective design. According to the previous sections, it can be expected that the uncertainty of the design codes is greater than that of the proposed ones due to their low accuracy. However, it is impossible to know the uncertainty or safety factor incorporated in them. To evaluate the reliability and uncertainty of the existing models, box plot of DR values of di erent approaches can be used. To generate each box, the DR values for entire database are sorted from the largest to smallest values; then, their median values specify the central mark of the box. The edges of the box represent the 25th and 75th percentiles. The generated box plot can be used as a tool to graphically demonstrate the uncertainty in di erent models. The spacing between di erent parts of the box indicates the degree of dispersion (spread) or skewness.
Furthermore, Collins [44] presented a new scale to evaluate and classify the reliability of design codes. This scale is known as Demerit Points Classi cation (DPC), which considers the safety, accuracy, and scattering of design codes as a function of the ratio between the ultimate resistance in experimental tests and the theoretically estimated shear capacity. In the present study, this ratio is represented by parameter DR. Table 6 presents an adaption in the present study derived from the original values proposed by Collins. Figure 6 presents the box plots and DR values of di erent approaches. Furthermore, ve classi ed areas based on Collins criteria, including extremely dangerous, dangerous, appropriate and safe, conservative, and extremely conservative, are speci ed in Figure 6 . As shown, ACI 318-11 [30] , CSA A23.3-04 [31] , and b model [32] equations are remarkably conservative and have the highest uncertainty (longer box) as if their predictions vary from extremely conservative to dangerous areas and even extremely dangerous area for ACI 318-11 [30] . The other design codes are also conservative and their uncertainties are remarkable; however, their amounts are low and more reasonable than the three mentioned design codes. However, Figure 6 shows that box plots of the proposed MARS and GMDH models are narrower than those of others are, which is an indicator of a higher con dence level. In addition, the proposed methods show good predictive capability in terms of accuracy with median values close to 1, unlike the design codes. It should be noted that the MARS model outperforms the GMDH model in this aspect.
In order to evaluate quantitatively the safety of the proposed models and existing design codes, rst, a demerit point is attributed to each prediction of these equations for total 250 data points based on Table 6 . Then, the total values of demerit of each formula are calculated by the sum of the products of the number of specimens at each interval and their corresponding demerit penalty. The lower value of the total sum indicates that the considered formula is safer. Table 7 presents the evaluation of GMDH, MARS and also design equations as a function of the adapted criteria from Ramirez et al. [3] . According to this table, the equations of Eurocode-2 [33] , ACI 318-11 [30] , and CSA A23.3-04 [31] with respective 427, 413, and 315 total demerit points, as expected, have the weakest performance among design codes. The CEP-FIP [34] model presents the lowest total demerit points amongst the other design equations. However, 60% of its prediction values are either in the fourth classi cation range (between 1.15 and 2) or the fth classi cation range (greater than 2), which is classi ed as conservative and extremely conservative in terms of safety and leads to an unpro table design. The total demerit point of the proposed GMDH model is nearly equal to CEP-FIP equation. Unlike the CEP-FIP, 68.4% of GMDH predictions are classi ed in the third region, which is appropriate and safe. In general, the developed MARS model outperformed other design codes in terms of safety by improving the total demerit point by 69.6% with respect to CEP-FIP equation as the safest design code and GMDH model.
Concluding remarks
The robustness of Group Method of Data Handling (GMDH) and Multivariate Adaptive Regression Splines (MARS) as alternative approaches was investigated and assessed in prediction of the shear strength of slender HSC reinforced concrete beams. An available database, including 250 experimental tests of shear strength, was employed to develop the MARS and GMDH models. The proposed models related the shear strength to longitudinal steel ratio, the shear span-todepth ratio, compressive strength of concrete, the size of the beam specimens, and the size of coarse aggregate. The predictive abilities of GMDH and MARS models were examined by comparing their predictions with those obtained from the most common formulae and MNLR regression approach. The most important outcomes of this study can be summarized as follows:
Among the existing equations in the literature, there was good agreement between measured and predicted maximum shear strengths using AS 3600-2009 equation. However, a notable number of its predictions were categorized in unsafe region based on Collins criteria. In contrast, the CEB-FIP model represented the safest predictions according to this criterion while its accuracy was remarkably limited; The newly proposed GMDH and MARS models outperformed the existing design equations in terms of both accuracy and safety. The errors of the developed GMDH and MARS models also showed a symmetrical and predictable behavior. The MARS model also outperformed GMDH and MNLR models in both accuracy and safety aspects; The results of statistical measures showed that
